Abstract. Discriminating tropical rainforest tree species is still a challenging task due to a variety of species with high spectral similarity and due to very limited studies conducted in this area. We are investigating the effect of discrete wavelet transform (DWT) on enhancing discrimination of tropical rainforest tree species. For this purpose, airborne imaging spectrometer for applications (AISA) airborne hyperspectral data obtained from Malaysian's rainforest area are used; six tree species were selected from the study area. For comparison purposes, the performance of DWT is compared with the original reflectance, first, and second derivative spectra by using five different spectral measure techniques. An overall discrimination accuracy of ∼74% is obtained with DWT using Euclidean distance, which outperforms the original reflectance and first and second derivatives by ∼16.6, 11.9, and 22.1%, respectively. The results suggest a significant impact of the DWT approach on improving tropical rainforest tree species discrimination.
Introduction
Tropical rainforests exhibit high levels of biodiversity, especially a high diversity in canopy species. Information on forest species used to be traditionally obtained by survey and analysis of aerial photographs, which were costly and time-consuming methods. 1 Recently, remote sensing has offered a more efficient way for obtaining accurate information about forest species.
A variety of imagery systems have been used in forest mapping studies to assess their canopy cover using different methods; however, only a few of them seem to refer to the image systems rather than the research studies. 2 A new generation of high spectral resolution techniques have contributed to tropical forest assessment and resolved individual tree species discrimination based on their spectral properties.
Species discrimination of tropical rainforests is challenging because their spectral similarity in canopy reflectance is a function of many factors, such as leaf optical properties, leaf orientation, canopy structure [leaf area index (LAI)], complexity of the canopy (density), and overlapping of trees, lianas and tree's shadows. Hyperspectral data are useful for classifying species because they provide more information in hundreds of narrow contiguous bands.
So far, there are few studies conducted on the discrimination of tropical forest tree species using hyperspectral data. [3] [4] [5] [6] [7] For example, Clark et al. 7 applied linear discriminant analysis (LDA), maximum likelihood, and spectral angle mapper (SAM) classifiers on reflectance spectra of seven emergent trees species and obtained up to a 92% discrimination accuracy using an LDA classifier. In another study, Jusoff 5 used a false-color-composite airborne hyperspectral image in combination with an SAM classifier that could discriminate one type of tree species from a tropical rainforest up to ∼94.4% utilizing a spectroradiometer-based endmember. Furthermore, Féret and Asner 4 compared nonparametric [linear and radial basis function support vector machine (SVM), artificial neural network, and k-nearest neighbor) and parametric methods (linear, quadratic, and regularized discriminant analysis) and found an advantage in using regularized discriminant analysis, LDA, and SVM. All these studies emphasize the challenge in the discrimination of tropical tree species where the spectral difference between different species is low.
Wavelet transform (WT) is a technique that can represent different frequency components of a signal in different resolutions, which allows one to extract or enlarge small variations in a spectrum. Considering this capability, it would be beneficial for discriminating tropical tree species when the spectral variation between different tree species is not significant. WT is being used in many remote sensing applications, such as dimensionality reduction of hyperspectral data, 8, 9 LAI estimation of different vegetation types, 10, 11 quantifying pigment concentration of vegetation, 12, 13 detecting green attack damage in pine needles, 14 and identifying three different pine tree species. 15 However, there have been few studies that applied WT on airborne hyperspectral data for identifying tree species, especially in a tropical rainforest. Zhang et al. 16 applied discrete wavelet transform (DWT) analysis for tropical forest tree species discrimination using Haar mother wavelet. They carried out the use of reflectance, derivative, and wavelet domains using airborne hyperspectral data on five tree species common to the region based on their unambiguous location in the imagery, their large size, and their apparent lack of lianas and epiphytes masking the tree foliage. Their analysis was restricted to sun-lit pixels of each tree crown to minimize the impact of variable illumination on the crown spectra.
In this study, DWT with different mother wavelets and coefficients are applied for discriminating tropical rainforest tree species using airborne hyperspectral data. The tree species used in this study are randomly selected regardless of their size, the condition of the neighboring trees in terms of shadow and overlapping of branches, and apparent lack of lianas and epiphytes.
The compatibility of spectral measure techniques (SMTs) with DWT in discriminating tree species is not well reported. In this study, five different SMTs, including Euclidean distance (EucD), Jeffreys-Matusita distance (JM), spectral angle mapper (SAM), spectral information divergence (SID), and a combination of SID and SAM, are used to present their suitability with DWT. The influence of reflectance spectra normalization on the performance of different SMTs also needs to be addressed. Robila and Gershman 17 showed that the performance of EucD can be improved with a prenormalization. However, it is not clear how normalization can influence the performance of other SMTs. In this study, the effect of normalization on the performance of the five SMTs is presented.
The effect of spectral dimensionality on the performance of hyperspectral image classification has been reported. 8, 9 However, the effect of dimensionality on the performance of different SMTs has not been reported. In this study, the effect of dimensionality reduction by different mother wavelet and/or wavelet coefficients on the performance of the five SMTs is demonstrated.
Finally, performances of DWT with the five SMTs are compared to commonly used original reflectance and first and second derivative spectra as the benchmark.
Methodology

Study Area
Study site
This study is conducted at the Bukit Nanas Forest Reserve, Kuala Lumpur, Malaysia (Fig. 1) , which is considered one of the oldest permanent forest reserves in the country. It covers an area of ∼11 hectares and is the only remaining tropical rainforest in the heart of the city of Kuala Lumpur. It is geographically located at 3°9'6" latitude and 101°42'7" longitude, with an average annual precipitation of 2500 mm.
Hyperspectral imagery
The airborne imaging spectrometer for applications (AISA) hyperspectral image used in this study ( Fig. 1) was acquired in 2005 with a spatial resolution of 1 m. AISA Classic is used in the study and the airborne imaging spectrometer is capable of collecting data within a spectral range of 430 to 900 nm. Although the AIS sensor is capable of collecting up to 286 spectral channels within this range, the data rates associated with the short integration times (sampling rates) that are required of the sensor in most operational/flight modes limit the number of channels. The full spectral mode, however, is useful for acquiring 286 band spectral signatures of specific targets that can be used to generate pure endmembers, as well as for band-selection purposes. 18 The AISA sensor used in this study has operational collection configurations ranging from 10 to 70 spectral bands depending on the aircraft speed, altitude, and the application purposes. However, the spectral band setting used for this study consists of 20 spectral bands starting from 443.72 to 839.94 nm with an average spectral resolution of 20.85 nm and a minimum and maximum bandwidth of 3.68 and 56.92 nm. Table 1 shows the detailed spectral information of the hyperspectral data. The AISA system is a complete pushbroom imaging system, consisting of a hyperspectral sensor head, a miniature global positioning system (GPS)/inertial navigation system sensor, and a data acquisition unit housed in a rugged personal computer. 18 The data preprocessing for the atmospheric and geometrical correction is performed by the data provider on-board using Caligeo software. 5 The ground reference information of the hyperspectral image is obtained using GPS. The tree species used in this study are selected from the species for which the position is reconfirmed for the second time using GPS. Six different tree species-Batai, Kelat, Nyatoh, Kandis, Medang, and Getah-are selected for this study. For Batai and Kelat, four trees per species are selected from the image, whereas three trees are selected for the other four species. Table 2 shows the species name, the number of trees per species, and the number of pixels per selected tree. To avoid any overlapping between adjacent trees, a smaller region of interest (ROI) per canopy is selected based on the canopy size of hand digitized crowns over the imagery. It should be noted that due to the unavailability of ground reference data, the number of tree samples used in this study is low. As shown by Féret and Asner, 4 by increasing the number of testing samples, discrimination accuracy will be accordingly reduced. Considering this statement, a lower discrimination accuracy would be expected if the number of testing samples in this study is increased. Nevertheless, the performance comparison between different methods is valid.
Theoretical Background
Wavelet transform
In the past two decades, WT has been developed as a powerful analytical tool for signal processing, which is demonstrated as a robust technique for analyzing low signal-to-noise ratio signals. 16 Wavelets are mathematical functions that cut up data into different frequency components and then study each component with a resolution matched to its scale. WT can be performed in two ways: either continuous WT (CWT) or discrete WT (DWT). With CWT, multidimensional signals, such as image cubes, can be analyzed across a continuum of scales, whereas DWT analyzes signals over a discrete set of scales, typically containing log 2 n segments of various transforming lengths 2 n (2 n , n ¼ 1;2; 3; : : : ). DWT has an advantage over CWT in that it can be implemented using a variety of fast algorithms, thus lowering computational requirements. 19 WT decomposes the hyperspectral signal into sets of coefficients, each set associated with a spectral scale and each element in a set associated with a particular wavelength location. A set of wavelet basis functions ½ψ a;b ðλÞ can be formed from the mother wavelet ψðλÞ by a series of scaling and shifting operations using
where a and b are real numbers in which the variable a is a > 0 and indicates the scale (or width) of a particular basis function and the variable b specifies its shifted position. The wavelet coefficients for DWT, denoted by W j;k , are defined by the scalar product of hyperspectral signal as a function fðλÞ with the scaling function (i.e., the wavelet basis function or mother wavelet) ψðλÞ, which can be obtained by
where the wavelet basis function ψ j;k ðλÞ can be calculated by
where j is the j'th decomposition level or step and k is the k'th wavelet coefficient at j'th level. The scales of DWT are a ¼ 2;4; 8; : : : ; 2 j ; : : : ; 2 p , where p indicates the maximum decomposition level. Theoretically, the maximum level of decomposition is referred to a level such that the set of detail coefficients corresponding to this level consists of only one element. Therefore, if the initial signal length is N, then the maximum level of decomposition cannot exceed log 2 ðNÞ. In practice, however, the maximum number of decomposition levels also depends on the choice of the mother wavelet, 19 which can be calculated as
where M is the length of mother wavelet, which depends on the type and order of the mother wavelet, and fixð:Þ is used to round the value in the parenthesis to the nearest integers toward zero. For example, the maximum decomposition level for a signal with a length of N ¼ 21 and mother wavelet of Daubechies-3, which has a length of M ¼ 6, is equal to 2. DWT has been extensively used in the development of fast wavelet algorithms. The most common implementation of DWT is the well-known dyadic filter tree algorithm developed by Mallat. 20 The term dyadic means the resolution between two scales of the WT, which is decreased by a factor of two. Figure 2 illustrates the dyadic filter tree algorithm for implementing the DWT. The input to the filter tree is the hyperspectral signal fðλÞ (e.g., reflectance spectra), and the signal is then passed through a series of high-pass and low-pass filters (HPF and LPF). After passing the input signal through the filters in each scale, the signal length is degraded by a factor of two. The outputs of the HPF and LPF at scale a are called the wavelet coefficient detail and approximation (CD a and CA a ), respectively. At each scale or stage, the wavelet approximation coefficients from the previous scale are used as the input to the next stage.
The final result of the DWT decomposition of a spectrum is a set of wavelet coefficients that are represented as a vector: W ¼ ½CA p ; CD p ; CD p−1 ; : : : ; CD 2 ; CD 1 , where p is the coarsest decomposition level. At a particular scale, each wavelet coefficient is directly related to the amount of energy in the signal. It should be noted that W is dependent on the selection of the type and order of the mother wavelet.
A variety of parameters can be computed from the DWT decomposition, such as the wavelet coefficients, their energy, and any combination of the two. While the wavelet energy feature represents the energy distribution of the original spectrum across different scales, the wavelet detail coefficient reveals the spectral information in hyperspectral signals at a specific spectral scale. In this study, each wavelet detail coefficient CD, at different decomposition levels individually, and W (combination of all CDs plus the last approximate coefficient, hereafter denoted as C-All), are used as the main features for discriminating tree species. In addition, five different wavelet families, such as Haar, Daubechies (db), Coiflet (coif), Symlet (sym), and Biorthogonal (bior), with different orders are used in this study.
To apply WT, the sample data that are in the form of reflectance spectra are directly used for wavelet analysis. As mentioned earlier, the maximum decomposition levels for different wavelet families and orders depend on the number of bands in the hyperspectral image, and the type and order of the mother wavelet. Since the length of the mother wavelet at the higher order increased, the maximum decomposition level at the higher order of each wavelet family is reduced. In this study, the maximum decomposition levels for the five different wavelet families mentioned above and their different orders are determined using Eq. (4) as shown in Table 3 .
From the five different wavelet families, a total of 17 different orders and 45 coefficients (as shown in Table 3 ) are used for discriminating tree species. All detail coefficients from different mother wavelets and orders plus the C-All are considered.
Spectral separability
Euclidean distance. EucD is one of the simplest distance measurement methods that is used in various applications. It can be used either between two single points or between two signals. The EucD distance between two n-dimensional signals x and y is defined as
The value of EucD between two spectra is always positive. A smaller value represents more similarity and a larger value shows a large difference. In general, EucD measures the energy difference of the two signals as EnergyðzÞ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi P n i¼1 z 2 i p , where z i can be assumed to be the difference (x i -y i ).
Robila and Gershman 17 showed that normalizing the input signals prior to applying EucD improves their discrimination accuracy. Normalization of an n-dimensional signal X can be calculated as
whereX is the average of vector X. In this study, the analysis is mainly based on the normalized signal. For comparison purposes, the non-normalized results are also shown in the summary form.
Jeffreys-Matusita distance. JM is one of the distance measurement methods that is commonly used in remote sensing applications. [21] [22] [23] [24] The JM distance for two densities p i ðxÞ and p j ðxÞ can be calculated as [25] [26] [27] 
If p k ðxÞ, k ¼ i, j have a Gaussian distribution, then the JM distance can be simplified and calculated as
where B is the Bhattacharya distance, defined as
Since 0 < e −B < 1, the JM distance ranges from 0 to 2. This is a good property for the JM distance where, for a large separability class, the distance is saturated toward the upper limit, 2, (7)] of JM distance must be used. Therefore, in this study, since the reflectance spectra and derivative spectra are used for tree species discrimination (which are usually non-normal), Eq. (7) is considered as the JM distance for measuring spectral similarity/ dissimilarity between tree species.
Spectral angle mapper. SAM is the most popular and widely used spectral similarity measure in remote sensing applications. 16, 22, [28] [29] [30] [31] [32] [33] [34] Using this technique, the spectral similarity of species can be evaluated by calculating the angle between two spectral signatures. 28, 35, 36 Given two n-dimensional spectra x and y, SAM (in radians) is defined as the arccosine of their dot product SAMðx; yÞ ¼ cos
Since the angle between two vectors is invariant with respect to the length of the vectors, this technique is relatively insensitive to illumination and albedo effects. 36 Spectral information divergence. SID is another technique that calculates the probabilistic behaviors between spectral signatures. 22, 29, 33, [37] [38] [39] For calculating the SID between two signals, let x ¼ ðx 1 ; : : : ; x n Þ T and y ¼ ðy 1 ; : : : ; y n Þ T be two pixels with n spectral bands. Assume p ¼ ðp 1 ; : : : ; p n Þ T and q ¼ ðq 1 ; : : : ; q n Þ T represent probabilities of x and y, which are calculated as p i ¼ x i ∕ P n i¼1 x i and q i ¼ y i ∕ P n i¼1 y i , respectively. From the information theory, 29 the self-information provided by x and y for the i'th band can be defined as I i ðxÞ ¼ − log p i and I i ðyÞ ¼ − log q i , respectively. Thus, considering the self-information, the relative entropy of y with respect to x can be defined by
and the relative entropy of x with respect to y is defined as
where DðxkyÞ is known as the Kullback-Leibler information measure, directed divergence, or cross-entropy. 29 Considering Eqs. (11) and (12), a symmetric hyperspectral measure, referred to as SID, can be defined by SIDðx; yÞ ¼ DðxkyÞ þ DðykxÞ;
which can be used to measure the spectral similarity between two pixels x and y. In this study, SID is used to measure the spectral discrimination of tree species.
Combination of SID and SAM. Du et al. 37, 38 proposed a mixed measure by combination of SID and SAM to improve discriminability, defined as SIDðTANÞ ¼ SIDðx; yÞ × tan½SAMðx; yÞ;
SIDðSINÞ ¼ SIDðx; yÞ × sin½SAMðx; yÞ:
Since both Eqs. (14) and (15) yield very close outputs, only one of them is considered in this study, i.e., the tangent of SAM [Eq. (14) ] is used in this study for measuring the spectral discrimination of tree species.
Reference spectra selection
In tree species discrimination, the spectral signatures of the endmembers are referred to the reference spectra used to identify the targeted trees from the hyperspectral image. Usually, it can be obtained in two ways: one is from the field or laboratory measurements obtained using groundbased or portable spectrometers, and the other is from hyperspectral image data. 40 In the past decade, a variety of methods have been proposed for extracting reference spectra from hyperspectral images, including the manual endmember selection tool, 41 N-FINDR, 42 pixel purity index, 43 optical real-time adaptive spectral identification system, 44 iterative error analysis, 45 convex cone analysis, 46 simulated annealing algorithm, 47 automated morphological endmember extraction, 48 etc. However, besides their complexity and computational time, each of them has different characteristics, properties, and even a different suitability level for different applications. A summary comparison of different endmember selection methods is reported by Plaza et al. 49 Since the purpose of this study is to show the impact of DWT on tree species discrimination compared to the traditional methods utilizing different SMTs, a simple mean reference spectra is considered instead of using the above endmember selection methods. Nevertheless, the comparison between different methods is still valid since similar reference spectra are considered for all methods.
In this study, the reference spectra are collected directly from the hyperspectral image. As shown in Table 2 , from every tree per species, ∼10 pixels are randomly selected as the training and the remaining are used as testing samples. For calculating the reference spectra, all the training spectra are averaged out to form one reference spectrum. Figures 3 and 4 show all the training spectra and the average spectra for the six species used in this study, respectively. Figure 5 depicts the schematic diagram of the tree species discrimination process and the classification accuracy evaluation used in this study. The discussion in this section is, for example, based on two species A and B; however, in this study we have six species. First, several trees per species (as shown in Table 2 ) are selected based on the geographical location information from the ground reference data. All spectra are normalized using Eq. (6). The training samples are then randomly selected and separated from the testing spectra. The reference spectrum per species is Fig. 3 Normalized training spectra for the six tree species. Fig. 4 Normalized average reference spectra for the six species used in this study. then calculated by averaging the training spectra. EucD between every testing pixel and the six reference spectra (in Fig. 5 , two reference spectra A and B) is then calculated using Eq. (5). The testing pixel would be similar to the species that provides the smallest distance compared to the reference spectra. Discrimination producer accuracy (acc.) is calculated by considering the number of classified target pixels over the total number of tested pixels. The overall accuracy is then calculated by averaging between the user and producer accuracy. A similar approach is applied for other spectral measure techniques.
Classification accuracy evaluation
Results
Tree species discrimination analysis for DWT using different mother wavelets are presented and compared with performance of reflectance spectra (ReflS), first derivative spectra (FDS), and second derivative spectra (SDS). In addition, within-and between-species variation for the four techniques are analyzed and compared.
All results presented are based on EucD using normalized spectra. For comparison purposes, the results of discrimination accuracy based on non-normalized spectra are also presented in a summary form. Furthermore, the performance of EucD is compared with four other SMTs, including SAM, SID, SID(TAN), and JM at the end of this section. Figure 6 shows tree species discrimination overall accuracy employing DWT with different mother wavelets and coefficients. Considering different coefficients, the highest discrimination accuracy in most mother wavelets is obtained using coefficient CD1. Comparison of the performances of CD1 and C-All show that discrimination accuracy between different mother wavelets is highly varied when using CD1 (with standard deviation of ∼4.7), while it is more stable in C-All (with standard deviation of ∼1.5). In terms of performance difference, there are ∼15.8 and 6.3% differences between the maximum and minimum accuracies among different mother wavelets using CD1 and C-All, respectively. This result suggests that C-All is more stability compared to CD1; however, the performance of C-All is ∼10%, on average, lower than that of CD1.
Discrimination Accuracy Analysis Based on EucD
In some cases, such as db3 and sym3 (Fig. 6 ), coefficient CD2 (the coarsest scale) performs slightly better than CD1. On the other hand, in the cases of db4, bior3.1, and bior3.3, the performance of C-All is almost the same as that of CD1. These results suggest that the type of mother wavelet can influence the performance of different wavelet coefficients.
For comparison purposes, the performances of nonwavelet transform (non-WT) including ReflS, FDS, and SDS are presented in Fig. 6 . The performance of non-WT is almost comparable to or lower than the performance of C-All. Fig. 6 considering the dimensionality per mother wavelet and coefficient. In this figure, the result of mother wavelets with a minimum of two coefficients (as shown in Table 3 ) is presented. The result shows the pattern of accuracy versus dimensionality similar to the Hughes phenomenon. 9 The discrimination accuracy provided by those coefficients with very low dimensions is low (i.e., CD4, CD3). The accuracy then reaches its peak value with a higher number of dimensions (CD1) and, again, the accuracy value are reduced at a higher dimensionality (C-All). Considering the peak accuracy in Fig. 7 , there are ∼15% differences between the performances of different mother wavelets. This result shows that besides the dimensionality effect, the performances of different mother wavelets with the same dimension vary. The comparison between DWT and non-WT shows a comparable performance considering the number of dimensions, except for SDS, which has a slightly lower performance.
Considering the best wavelet coefficient per mother wavelet, Fig. 8 shows their discrimination accuracy arranged from the best to the worst, including ReflS, FDS, and SDS. For comparison purposes, the results of non-normalized data are also presented in this figure. As the result implies, by normalizing the hyperspectral data, the performance of most mother wavelets improved or remained almost the same, except for db3 and bior3.3, which are slightly reduced. In the non-normalized case, bior2.4 and coif1 are the mother wavelets that provided the highest discrimination accuracy and their performance remained almost the same after normalization. The most significant effect is seen in bior1.3, Haar, and bior1.5, with their performances improving ∼10 to 15% after normalization compared to non-normalized data. On the other hand, the performances of ReflS and FDS are improved ∼12 to 13% after normalization. These results suggest the effectiveness of normalization in the performance of EucD for discriminating tree species based on both DWT and non-WT. Fig. 7 Influence of dimensionality on overall accuracy of different mother wavelets. Fig. 8 Discrimination accuracy arrangement from the best to the worst for normalized and nonnormalized data for different mother wavelets, reflectance spectra (ReflS), first derivative spectra (FDS), and second derivative spectra (SDS) using EucD.
Considering the normalized data, the highest discrimination accuracy of ∼74% is obtained using DWT (bior1.3), which is ∼16.6, 12, and 22% higher than ReflS, FDS, and SDS, respectively. This result confirms the superiority of DWT compared to original reflectance and derivative spectra in discriminating tree species. Among DWT, there is an ∼14.5% accuracy difference between the performance of the best (bior1.3) and the worst (db4) mother wavelets. This result shows the importance of selecting the optimum mother wavelet. On the other hand, the result shows that the Haar mother wavelet, which is the simplest and most commonly used mother wavelet, can be used as a good candidate for tree species discrimination if the normalized form of the spectra is used. Table 4 compares the detailed error matrices among ReflS, FDS, SDS, and DWT-bior1.3. In this table, the number of target pixels correctly classified per species is highlighted in bold; the average producer and user accuracy are highlighted in italics and underline, respectively; the overall accuracy is highlighted in italics and underlined. In addition, the Kappa value for the four techniques is shown at the bottom of the table. Considering the Kappa value, DWT provides ∼28.6, 25.7, and 44.3% higher discrimination accuracy compared to ReflS, FDS, and SDS, respectively.
According to Table 4 , the discrimination accuracy of the Batai, Kelat, and Getah species is improved using DWT compared to other techniques. Using DWT, the similarity between Kelat Table 4 Error matrix of the four spectra approaches for the six tree species using Euclidean distance. and other species and the similarity between Batai and Getah is reduced, which ensures better discrimination accuracy. To visualize this similarity/dissimilarity within and between species, Figs. 9 to 12 show the spectral variation within and between species for the six tree species based on ReflS, FDS, SDS, and DWT, respectively. In these figures, the boundary between different trees (or ROIs) per species is highlighted with the discrete line based on the number of pixels per tree (shown in Table 2 ). As shown in the legends, the within-tree species variation, for example, for Batai is presented as Batai-Batai, while the variation between Batai and other species (for example, Kelat) is shown as Batai-Kelat. In fact, the first tree name represents the species from which the testing pixels were selected. The second tree name shows the name of the reference spectra that is compared to the testing pixel (first name). A target pixel t 1 is said to be similar to species x, for example, if its EucD compared to the reference spectrum of the species x is lower than that compared to reference spectra of other species. The high similarity between Kelat and other species can be seen from Figs. 9 to 12(b). The main difficulty in discriminating Kelat trees can be related to the within-species variation [observed in Trees 2 and 4 as highlighted in Fig. 9(b) ], which caused between-species similarity. To compare the within-species variation of individual trees in Kelat species, Table 5 shows the standard deviation of every tree for ReflS, FDS, SDS, and DWT. Considering the four trees in ReflS, reflectance spectra; FDS, first derivative spectra; SDS, second derivative spectra.
this species [Figs. 9 to 12(b) and Table 5 ), tree numbers 1 and 3 have a lower variation the species compared to tree numbers 2 and 4, especially in ReflS, FDS, and DWT. While sample pixels from tree numbers 1 and 3 are well discriminated from other species, several samples in tree numbers 2 and 3 are misclassified due to spectral variation within the tree that caused a spectral similarity between Kelat and other species. This result suggests that within-species variation can cause between-species similarity and, therefore, lower discrimination accuracy. The results in Fig. 12(b) and Table 4 suggest that the spectral discrimination is slightly improved using DWT compared to ReflS, FDS, and SDS. From a total of 211 target pixels, 176 of them are correctly discriminated using DWT, whereas this number is 158, 135, and 104 for ReflS, FDS, and SDS, respectively. Considering the standard deviation in Table 5 , it is important to note that the spectral variation within Kelat tree number 2 is significantly low when using SDS; however, the whole target pixels selected from tree number 2 are misclassified using SDS, as they were more similar to the Kandis species [ Fig. 11(b) ]. This shows that while the within-species variation is effective in discriminating tree species, analyzing their standard deviation is not an accurate indicator for evaluating/comparing the performance of different classification techniques.
Batai and Getah are two other species for which the discrimination accuracy was low, especially in ReflS, FDS, and SDS. This is mainly due to the high spectral similarity between the two species as can be seen from Figs. 9 to 12(a) and 12(f). This similarity between Batai and Getah can also be observed from Table 4 , where, for example, from the total of 107 Getah target pixels, 24, 46, 37, and 79 of them are correctly discriminated as Getah using ReflS, FDS, SDS, and DWT; however, 36, 29, 68, and 27 of them are misclassified as Batai, respectively. It is also shown that the performance of both Batai and Getah species is significantly improved using DWT compared to other techniques.
Figures 13(a) to 13(d) compare the reference spectrum for Batai and Getah species in the form of ReflS, FDS, SDS, and DWT-bior1.3-CD1, respectively. For a better comparison, the x axis of the DWT's signal shown in Fig. 13(d) is mapped with the same wavelengths in Fig. 13(a) . Using DWT, the dissimilarity between the reference spectra of the two species slightly increased [as highlighted in Fig. 13(d) ], compared to ReflS, FDS, and SDS. This small dissimilarity provided by DWT causes a better discrimination for both Batai and Getah species.
Influence of Spectral Measure Techniques on Discrimination of Tree Species Using DWT
The effect of SMTs on discriminating tree species using DWT is presented in this section. Four SMTs, including SAM, SID, SID(TAN), and JM, are used to see their effect on the performance of DWT compared to that of EucD. Figure 14 shows the effect of different mother wavelets and coefficients on discrimination accuracy using different SMTs based on the normalized spectrum. The highest discrimination accuracy offered by different mother wavelets in SAM (and EucD in Fig. 6 ) comes more from coefficient CD1 compared to C-All, while this is less obvious in SID and JM. For example, the average overall accuracy over different mother wavelets for C-All and CD1 is 61 and 67 for SAM; 68 and 66 for SID; 66 and 67 for SID(TAN); 68 and 67 for JM; and 58 and 68 for EucD, respectively. In terms of discrimination accuracy variation, similar to that is observed in EucD, accuracy variation over different mother wavelets is lower in C-All compared to CD1 for all SMTs, where the standard deviations of C-All and CD1 are 2.0 and 5.2 in SAM; 2.6 and 4.2 in SID; 1.9 and 4.4 in SID(TAN); and 2.6 and 4.5 in JM, respectively. Figure 15 shows the influence of dimensionality on the discrimination accuracy of different mother wavelets for different SMTs. In this figure, only those mother wavelets with a minimum of two detail coefficients (Table 3) are presented. Similar to what is observed in EucD, the discrimination accuracy in SAM and SID(TAN) is first improved by increasing the spectral dimension up to the peak value and then reducing it with the higher dimensionality. However, in SID and JM, the discrimination accuracy is not reduced at the higher dimensionality. This result suggests that the effect of dimensionality on the performance of SID and JM is less compared to that of SAM, SID(TAN), and EucD. Figure 16 shows the arrangement of best to the worst mother wavelets considering the coefficient with the highest accuracy per mother wavelet for different SMTs. It should be noted that in this figure, the effect of wavelet coefficient is not presented. For comparison, the performance of a non-normalized spectrum is also presented. As the graphs imply, the effect of normalization on the performances of SAM, SID, and SID(TAN) is minor compared to that for JM and EucD (Fig. 8) , which is significant. Considering normalized data similar to EucD, the performance difference between the best to the worst mother wavelets using SAM is high (∼14.7%); however, this is reduced for SID, SID(TAN), and JM to ∼4 to 6%. This is also valid for non-normalized data except for JM, where there is ∼11% accuracy difference between the best and worst mother wavelets. This result implies that the effect of different mother wavelets in discriminating tree species is lowered when using SID and SID(TAN) (in both normalized and non-normalized data) and JM (in normalized data).
Discussions
The results from different SMTs show that discrimination accuracy variation between different mother wavelets is reduced by using coefficient C-All compared to the other coefficients. On the other hand, most of the mother wavelets provided higher discrimination accuracy using coefficient CD1 compared to C-All, especially using SAM and EucD. This was opposite for some mother wavelets using SID and JM. Banskota et al. 15 used the Haar mother wavelet and found that all combinations of detail and approximation coefficients (here shown as C-All) improved discrimination of pine species compared to other coefficients. Zhang et al. 16 showed that coarse-scale wavelet coefficients and wavelet energy features are more capable of reducing the spectral variation of within-crowns species and enhancing the spectral separability of tropical tree species using the Haar mother wavelet. In this study, for all SMTs, CD1 was the best wavelet coefficient for the Haar mother wavelet. The contradiction could be due to different factors, such as the differences in hyperspectral data, the number of spectral bands (dimensionality), wavelength per band, and the type of spectral measure techniques. Banskota et al. 15 and Zhang et al. 16 used AVIRIS data with 187 bands and HYDICE data with 64 bands using LDA and a special spectral separation measurement index, respectively. However, in this study, we are using AISA data with only 20 spectral bands with different SMTs. These parameters can be effective for the performance of different wavelet coefficients, especially the number of bands and the type of spectral measure technique. In addition, the results show that even the type of mother wavelet can influence the performance of different coefficients. For example, performance of C-All was almost the same as or higher than CD1 for all Daubechies' mother wavelets and some biorthogonal mother wavelets (bior3.1, bior3.3, and bior4.4) when using SID and JM. However, in the other mother wavelets, CD1 outperforms C-All in the same SMTs.
The effect of spectral bands (dimensionality) on the performance of different mother wavelets is also presented for different SMTs. The influence of dimensionality agreed with the Hughes phenomenon for a fixed number of training samples. Discrimination accuracy increased when increasing the number of dimensions and reached its peak value, which in this study, was around a dimension of 10 to 15 depending on the type of mother wavelet. This is observed for all SMTs. Accuracy is then reduced at a higher dimensionality using SAM, SID(TAN), and EucD. However, it remains around the peak value for the case of SID and JM. These results confirm the effect of signal dimension on discrimination accuracy and also the influence of the SMTs.
For comparing performance of the DWT in discriminating tree species compared to the traditional techniques, Fig. 17 compares the discrimination accuracy of the best mother wavelet (the best coefficient and wavelet order) in DWT with ReflS, FDS, and SDS considering the normalized data. Although the performance of different mother wavelets is not very clear from this figure, it clearly shows that DWT outperforms the traditional methods in discriminating tree species in all SMTs.
DWT, on the other hand, has the ability to highlight and enlarge the small differences between the spectra of different species. This is shown in Fig. 13 for Getah and Batai species, where their spectra were highly similar in ReflS, FDS, and SDS; however, using DWT, their spectral differences are more enlarged, which results in a higher discrimination accuracy. This improvement can also be seen from Fig. 12 for DWT compared with, for example, ReflS in Fig. 9 as is highlighted with circles. 
